Introduction 1
In animals, sleep and wakefulness are regulated by both homeostatic and circadian 2 processes (Cirelli and Bushey, 2008; Wulff et al., 2010) . Sleep homeostasis is highly 3 conserved in metazoans, but its fundamental nature is poorly understood compared with 4 the circadian clock. This latter (about daily) biological rhythm, when synchronized with the 5 external environment, allows an organism to anticipate, or resonate with, the varied 6 demands of the day/night cycle, allowing metabolic and behavioral adaptions that are 7 evolutionarily beneficial. The conservation of circadian rhythmicity across the phylogenetic 8 spectrum from cyanobacteria to mammals indicates that these benefits are substantial 9 (Hardin and Panda, 2013; Reddy and O'Neill, 2010) . In many organisms however, these 10 benefits are likely lost as circadian regulation of behavior and physiology progressively 11 At a molecular level the circadian clock machinery is highly conserved from flies, through 24 mice to humans, consisting of a series of interlocked transcription-translation feedback 25 loops observable in every cell (Hardin and Panda, 2013) . In mammals at least these 26 rhythms are orchestrated by a central master clock mechanism located within the CNS 27 study the relationships between these various oscillations has until now been limited by 9 the need, at least in Drosophila, to study molecular and behavioral rhythms in separate 10 groups of organisms. As a result our observations of circadian oscillations are 11 population-based, measuring behavioural or molecular markers not both, and report 12 group parameters such as period, amplitude and rhythm quality with inter-individual 13 differences being reported largely in terms of variance. 14
15
Behaviors such as locomotor activity and sleep are readily observable in a wide range of 16 animals. In Drosophila, sleep is distinguished from wakefulness by a decreased sensitivity 17 to arousing stimuli and homeostatically regulated rebound following sleep deprivation 18 (Gilestro et al., 2009; Shaw et al., 2000) . For practical purposes fly sleep is defined as a 19 period of immobility exceeding five minutes (Gilestro, 2012; Gilestro et al., 2009) . 20
21
In this study we describe for the first time a technique that allows analysis of the 22 relationships between peripheral tissue rhythms, rest/activity cycles (a proxy for the central 23 clock) and sleep consolidation. The characteristics of circadian rhythms in control 24 organisms are compared to those in flies expressing the toxic A peptide as a model of AD. 25 We do this by making simultaneous real-time measurements of molecular clock dynamics 26 and multiple behaviors simultaneously, over arrays of dozens of individual flies. 27
28

Materials and Methods 29 30
Fly strains and husbandry 31
All Drosophila strains in this study were housed and aged on standard cornmeal food. Flies 32 expressing the E22G (Arctic) variant of amyloid beta peptide 1-42 (A 42 ) are used as a 33 model of amyloid toxicity and are described elsewhere (Chen et al., 2014; Crowther et al., 34 2005) . To monitor clock gene expression in control or pan-neuronally A 42 expressing 35 flies, a new fly strain (elav-gal4;; XLG-luc2/TM3) containing elav-gal4 c155 driver and the period 1 promoter driven Period-luciferase fusion construct, XLG-luc2 ( Figure 1A and Veleri et al., 2 2003), were generated and crossed to the UAS-A 42 or a background control strain. The 3 following offspring were studied: elav-gal4;uas-A 42 /+; XLG-luc2/+ and elav-gal4;; XLG-4 luc2/+. The control and UAS-A 42 flies share the same w 1118 background and both contain 5 attB sites derived from phiC31 mediated transformation (Chen et al., 2014) Flies, 20 days post eclosion, were placed in capillary tubes and exposed to a 12-hr light: 12-20 hr dark (LD) regimen for three days of circadian entrainment prior to being transferred into 21 recording conditions at anticipated dusk (ZT12). Recordings were performed under 22 constant darkness at 26 o C over seven days. Bioluminescence was detected using an EM-23 CCD camera (Hamamatsu Photonics UK Ltd, C9100-14) cooled to -70°C. incorporated 24 within a Cairn Alligator system (Cairn Research Limited, UK). A bright field image was taken 25 before each recording to ensure appropriate focus and tray alignment ( Figure 1-figure  26 supplement 1C). Bioluminescence images were recorded with contiguous 5 min 27 integrations over 7 days with camera settings: 4x gain, 200x EM gain ( Figure 1B ). An 
Image rotation, background subtraction and feature enhancement 4
The raw data from the camera consisted of the 16 bit photon counts summed over 5 min 5 at a 1024 x 1024 pixel resolution. Pre-processing of the raw data began with an 6 estimation of the intensity of the background signal. This was achieved by averaging the 7 brightness of pixels in a 64 x 64 square at the bottom right of the screen; this average value 8 was then subtracted from all pixel intensities. The next step was the rotation of each 9 frame so that the fly tubes become properly aligned with their long axes parallel to the y-10 axis of the image. This was achieved by manual location of three marker points (grey 11 dots in corners, Figure 1B ) on the tray in which the fly tubes are placed. Once correctly 12 aligned the corresponding tubes in successive rows lie directly above each other on the y-13 axis. In order to identify where, across the image, each pair of corresponding tubes was 14 located we plotted the profile of the pixel intensities summed along the y-axis. This 15 profile oscillates, with each peak of the summed pixel intensities indicating where the 16 centre of each tube can be found ( Figure 1B) . A similar process was performed along the 17 y-axis, summing pixel intensities across the image to detect the top and bottom of each 18 row of tubes. Once these steps were complete we assigned a rectangle for each tube 19 that corresponded to its boundary, assuming that each tube was 17 pixels wide. We also 20 assigned a rectangle that corresponds to the dark background between pairs of tubes that 21 is centered on the midpoint between adjacent tubes and was 7 pixels wide. The average 22 pixel intensity of this rectangle was termed the "inter-tube background intensity" and was 23 used in the tube-by-tube background subtraction process described below. At this stage 24 the data was saved as pre-processed "raw data" and was used for all quantitative 25 calculations. To allow sensitive feature detection we also enhanced the contrast and 26 brightness of the images so that flies could be reliably identified despite changes in overall 27 brightness. This process of enhancement used the contrast-stretching transformation 28 algorithm in MATLAB that globally optimizes the dynamic range of pixel intensities. Such 29 processed images were stored as "enhanced data". 30
31
Detecting resting and moving flies 32
Hardware issues result in small systematic variations in pixel brightness between regions of 33 the image (vignette effect). To compensate for this we performed a second round of 34 background intensity subtraction. This was done on a tube-by-tube basis using the inter-35 tube background intensity, calculated as above. We then divided each tube rectangle into 1 4-pixel-high bins along their long axis (y-axis). We summed pixel intensities for each bin 2 and calculated the mean and standard deviation of these values. Bins containing a 3 resting fly were characterized by peaks in the bin intensity profile along a tube ( Figure 2 , 4 "Enhanced images"); a bin contained a resting fly when maximum pixel intensity of the 5 peak > (Mean tube intensity + Standard Deviation). 6
We then excluded bins that contained resting flies and used the raw data from the 7 remaining bins to recalculate the mean tube intensity (Mean without peaks, Figure 2 In fewer than five percent of frames, subtraction of the inter-tube background resulted in a 21 negative value for a tube's mean intensity; this was usually due to artifactually high 22 intensity pixels in the background region. In these circumstances the data was discarded Drosophila sleep episodes are defined as a period of locomotor inactivity lasting for 32 >300 sec. Having calculated the time spent moving and resting for each frame we 33 defined the presence of a sleep episode in the following way: Firstly, a sleep episode can 34 only be initiated in a frame with a single intensity peak, indicating that the fly was resting 35 in only one position. Secondly, considering the subsequent frames in turn we checked 1 that there was a peak at the same position, indicating that the fly had rested from one 2 frame to the next. Subsequent frames were analyzed sequentially until the resting peak 3 was lost. The component rest times were then summed across the multiple frames; when 4 the total resting time exceeded 300 sec then the episode was defined as sleep. This 5 approach is conservative and does not over-identify brief rests as sleep episodes. Each 6 frame within a sleep episode was assigned a 1 in the binary sleep array; all other frames are 7 assigned a 0 (1=asleep and 0=awake). Using this method, we can robustly assign one of 8 three behavioral states to each frame for each fly; these are "active" (Figure 2A 
Time-series analysis 26
We adapted the well-established autocorrelation methodology to determine rhythmicity 27 and circadian period using Flytoolbox in the MATLab environment. To make our analysis 28 comparable to the DAM actimetry system we have limited our observations to 7-days with 29 data considered in 30 min bins. This constrained paradigm permits the convenient use of 
Simultaneous molecular clock and behavioral measurements: FLYGLOW 3
Our experimental XLG-luc2 flies ( Figure 1A , I) express a Period-Luciferase fusion protein and 4 produce bioluminescence when fed with luciferin ( Figure 1A , II). This light signal is 5 detectable using a sensitive electron-multiplying CCD camera, and effectively reports clock 6 gene expression in peripheral tissues, that is lowest at anticipated dawn (CT0) and highest 7 at anticipated dusk (CT12) ( Figure 1A ). When constrained within glass capillary tubes 8 ( Figure 1A ) these flies are considered to exhibit one-dimensional locomotor behavior that 9 is readily quantified by computational image processing. In these experiments one end of 10 the tube was sealed with fly food containing luciferin and the other end closed with cotton 11 wool; these conditions will support a Drosophila for more than three weeks. By integrating 12 the bioluminescence across 300 sec exposures for each frame ( Figure 1B) we constructed a 13 time-lapse movie representing 7 days of fly behavior (supplementary movie). For the area 14
represented by each tube, within each frame there is sufficient information to directly 15 measure the level of peripheral clock gene expression reported by luciferase activity 16 (number of photons detected per region of interest) as well as locomotor activity (spatial 17 distribution of detected photons within that region); from the latter we can reliably infer 18 the duration of fly sleep episodes according to the widely accepted standard (Gilestro, 19 2012; Gilestro et al., 2009) . 20
21
In brief the images were processed to detect two patterns of intensity along the length of 22 each capillary tube. Active flies appeared as a smear along the tube ( Figure 1A , B, filled 23 arrow) and generated a rectangular area on the intensity profiles ( Figure 2 , yellow shading). 24
Resting flies generated local bright spots ( Figure 1A 2002a). In this case we saw that both DAM and FLYGLOW rank A-expressing flies as less 33 rhythmic than controls (p<0.001 for both techniques, Figure 4B ). Notably however the RS 34 values are higher overall for FLYGLOW as compared to DAM (p<0.05) indicating that the 35 new method may be more sensitive at detecting behavioral rhythms than the existing 1 approach. When we examined the distribution of RS values in the population of flies we 2 see that the ability of FLYGLOW to detect very highly rhythmic flies accounts for the bulk of 3 the performance gain ( Figure 4C ). 4 5 Next we compared FLYGLOW molecular clock detection with the performance of the 6 existing approach in which flies are constrained under small plastic domes within the wells 7 of a 96 well microtiter plate (Stanewsky et al., 1997). We compared our new approach 8 with this current method to exclude the possibility that the extra freedom of movement 9 seen in FLYGLOW could add a systematic artifact of the system: for example the availability 10 of the luciferin substrate might be less in the tubes and result in artifactual changes in 11 bioluminescence. As shown in Figure 4D , the two approaches generate essentially 12 identical bioluminescence traces; moreover the fly-by-fly rhythmicity analysis indicates 13 that the RS values are also very similar. 14
15
FLYGLOW simultaneous comparison of molecular and behavioral oscillations 16
Three principal datasets are routinely generated by the FLYGLOW system; these are, i) the 17 molecular clocks in peripheral tissues as reported by total bioluminescence, ii) percent of 18 time spent in locomotor activity and iii) sleep consolidation. These are conveniently 19 presented as mean data for a population of flies ( Figure 5A Our qualitative interpretation of population behaviors ( Figure 5A ) was confirmed 10 objectively by calculating rhythmicity statistic values (RS values). We found that for all 11 three datasets the RS values are significantly higher in control flies than in their A-12 expressing counterparts ( Figure 5B ). Remarkably these changes in rhythmicity do not 13 cause any statistically significant difference in the relative proportions of sleep (sum of 14 rests longer than 5 min), activity and rest (sum of rests shorter than 5 min) ( Figure 5C ). 15 Thus the differences in sleep relate entirely to its temporal organization and not its total 16
amount. 17
18
The plotting of representative data from individual flies may also be instructive ( Figure 5D ). 19
For example, many Aflies exhibit chaotic behavior (panels I & II) however it is not 20 uncommon in this context to see ongoing molecular rhythms. At one extreme an 21 individual Afly may loose rhythmicity in all three signals (panel III) while the majority of 22 control flies remain rhythmic by all three parameters throughout a week long recording 23 (panel IV). Using paired statistics, we found that behavioural rhythms showed greater 24 deterioration in individual Aflies than molecular oscillations ( Figure 5B ). 25
26
Dissecting the mechanistic links between the various rhythms 27
Our single fly measurements permit powerful analysis of correlations between the quality 28 and the period of the three rhythmic datasets. Indeed the simultaneous observation of 29 multiple rhythms within a single fly allows the use of paired statistical tests, something 30 that is not possible when comparing separate population-based measurements. 31
Considering rhythm quality, if the RS values of two rhythms are correlated then one may 32 conclude they are coupled, that is that they share a common clock mechanism. For 33 example when one of the rhythms is robust in a particular fly one expects that the other 34 will also be similarly robust, and vice-versa. Our systematic three-way analysis of RS 35 correlations in control flies showed that there is no evidence for coupling between the 1 peripheral molecular clock and either of the two behavioral phenotypes ( Figure 6A Our spatial tracking combined with measurement of total bioluminescence facilitated the 34 quantification of multiple phenotypic parameters from an array of individual organisms 35 allowing us to assign simultaneous molecular, locomotor and sleep events over a 7 day 1 period. Our approach compares very favorably with current alternative technologies, that 2 are limited by only measuring one of these parameters in any given experiment (sleep, 3 activity, or bioluminescence). This has forced researchers to compare populations of flies, 4 rather than individuals and thus loses the power of intra-individual correlational analyses 5 over time. Importantly FLYGLOW could equally be employed for more broadly based 6 behavioral genetic and drug-based screens, beyond sleep/wake or neurodegeneration 7 research. The average periods of the behavioral rhythms (magenta) both differed significantly from 32 the shorter molecular clock period (blue). (C) The population data for the corresponding 33 pairwise rhythm comparisons were plotted. The molecular rhythm had a shorter period 34 than either behavior rhythm (panels I & II) however the respective behavioral rhythms had 35 very similar periods and retained a fixed phase relationship (panel III). X-axis indicates 1 circadian time in hours (Time, h) with subjective day (grey) and night (black) indicated. The 2 recording started from subjective dusk (circadian time=1200 hr).
(D) Pairwise 3 observations also allowed the calculation of phase differences between rhythms across the 4 time course. There is a systematic reduction in phase difference as the molecular rhythm 5 "catches up" with locomotor activity (panel I); by contrast the phase difference increases as 6 the molecular rhythm marches away from the sleep consolidation rhythm (panel II). 7
There is no overall change in phase difference when comparing the two behavioral signals 8 (panel III). The phase of each rhythm was calculated for a 3-day window. The start times 9 of each window are separated by half a day. The grey lines connect the half-daily 10 estimates of phase difference for each fly. The red lines indicate linear regressions that 11 have a gradient that is significantly different to zero (p<0.01). The significant of the RS 
